The use of genomic selection for changing the growth curve shape of animals, acting simultaneously on the 3 parameters of a Gompertz growth curve, was studied using computer simulation. Results showed that genomic selection modified the growth curve. Responses to all selection criteria were accompanied with a correlated response in mature weight due to the high genetic correlations between mature weight and the 2 rate parameters. Responses to selection were affected by the loss of accuracy over generations of genomic selection due to the loss of gametic disequilibrium between SNP and genes determining the parameters. In conclusion, genomic selection can be used for changing growth curve parameters. However, changing the whole curve (birth weight, adult BW, and curve shape) is not easy due to the correlation between all BW along the growth of the animal. Applying genomic selection will require a constant reevaluation of the associations between SNP and genes determining the curve parameters.
INTRODUCTION
Animal growth patterns can be modified by selection. Growth rate is a common objective in many selection programs of most meat production species. Unfortunately, selection for growth rate also modifies adult BW , which can be a problem when maintenance costs are important. Besides, selection for growth rate can also modify birth weight, which can lead to birth problems in cattle (Fitzhugh, 1976) . A difficulty for including adult BW in selection programs is that it is not well estimated because animals are slaughtered before they achieve their mature BW. Growth curves can be used to describe growth using information from BW at different ages and by summarizing this information in few parameters. An important selection objective would be to modify the shape of the growth curve of an animal, keeping adult and birth weight within reasonable limits. This can be done by estimating the genetic values of the growth curve parameters of each animal; however, fitting nonlinear longitudinal data affected by genetic and environmental effects is a complex problem. Meyer (1999) proposed to use random regression methods, whereas Forni et al. (2009) used dynamic linear models and Piles et al. (2003) fitted hierarchical nonlinear models using Bayesian methods to find a solution to this problem. With the recent development of genomic selection, a new interest in traits that are difficult to measure has arrived. Hitherto, genomic selection has been applied only to selection on 1 trait, with the exception of a 2-trait model used by Calus and Veerkamp (2009) in dairy cattle. In this paper we examine the possibility of using genomic selection for changing the whole growth curve acting simultaneously on the 3 parameters of a Gompertz curve. An inconvenience of genomic selection is the loss of the associations between SNP and genes of interest due to the loss of gametic disequilibrium. In this paper we also examine the loss of accuracy on the estimation of genetic values on correlated traits, to infer how often these associations should be estimated again to keep genomic selection efficient enough to justify its use.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because no animals were used.
Simulated Data
A training rabbit population of 1,000 individuals was simulated using features from a growth analysis of rab- Blasco et al. (2003) and . For each rabbit, 40 BW (one weighing per week) were simulated. A hierarchical model was employed to simulate the growth curve of each animal. It was assumed that individual growth curves followed a nonlinear function, and each parameter of this function was influenced by genetic and environmental effects described with a linear model. The Gompertz curve, well suited for rabbits (Blasco and Gomez, 1993) , was used as the nonlinear function describing growth of rabbits:
where y ij is the observed BW of individual i at age j; a i , b i , k i are the parameters of the Gompertz function for the ith animal, which have a biological interpretation; a i can be interpreted as the mature BW, maintained independently of short-term fluctuations; b i is a timescale parameter related to the initial BW; k i is a parameter related to the rate of maturing (growth rate); and ε ij is the residual error, independently and normally distributed among individuals. A detailed interpretation of the biological meaning of growth curve parameters can be found in Richards (1969) . The fitting error variance (s e 2 = 1 000 , ) was considered to be constant for all ij.
In a second stage of the hierarchical model, parameters a, b, and k were calculated as the sum of the QTLgenotype effects of an individual, the overall mean and a residual effect sampled from a multivariate normal distribution N 0, 
where μ is the vector of the overall means, Q iq (0, 1, or 2) is the genotype at biallelic locus j for individual i, α q is the vector of the allele substitution effect of locus q, and e i is the vector of residuals associated with each parameter. Each parameter of the growth curve was regulated by 60 biallelic QTL with the same effect. Two different scenarios were considered for the genetic relationship between the Gompertz parameters: 1) no pleiotropy with null genetic correlations between parameters, and 2) pleiotropy, with genetic correlations ρ(a, b) = −0.50, ρ(a, k) = −0.70, ρ(b, k) = 0.40 . In our model, genetic correlations are generated by having common QTL alleles acting on different parameters. Phenotypic values of the parameters were assumed to be residually correlated with values ρ e (a, b) = −0.30, ρ e (a, k) = −0.44, ρ e (b, k) = 0.65, taken from . The rest of the parameter values used in the simulations are indicated in Table 1 .
Structure of Simulated Populations
In all simulations, we worked with a simplified model with only 5 chromosomes of 1 morgan with 10,000 SNP in each one (not including QTL). Every parameter (a, b, k) was regulated by 60 biallelic QTL, randomly distributed across the chromosomes. We assumed the same absolute value for all QTL effects. The sign of the QTL effect was sampled to be positive or negative with probability 0.5. The QTL effects were rescaled to result in a genetic variance equal to the one estimated by for each parameter of the Gompertz curve. In scenario 1, where genetic correlations were equal to 0, each parameter was affected for 60 different QTL; however, in the case of scenario 2, the genetic correlations were generated assuming that some QTL were affecting in more than 1 parameter. Parameters a and b shared 50% of the QTL with allelic effect of the opposite sign; a and k shared 70% of the QTL with allelic effect of the opposite sign; and b and k shared 40% of the QTL with allelic effect the same sign. The phenotypic trait was simulated under additive gene action. In the base population, SNP and QTL alleles were sampled from a Bernoulli distribution with frequency 0.5. In all populations, linkage disequilibrium was simulated by mutation and drift. A mutation rate of 2.5 × 10 −5 per generation was applied in the following generations for all loci, where mutations switched the allele state from allele 1 to 2 or from 2 to 1. Recombinations on a chromosome were modeled according to a binomial map function (Liberman and Karlin, 1984) . Figure 1 shows the structure of the simulated populations. To generate linkage disequilibrium by drift, 1,000 generations of random Ibáñez-Escriche and Blasco mating were simulated with an effective population of 100. After this period, the population was expanded to 1,000 individuals where QTL effects were rescaled to set the heritability of the parameters a, b, and k to 0.5, 0.3 and 0.2, respectively. In generation 1,001, phenotype and genotype were recorded and the genomeassisted breeding values (GEBV) were estimated. In the next 9 generations (1,001 to 1,009) 100 males and 100 females were selected and mated according to an index composed by the estimated GEBV. The 1,000 segregation SNP (minor allele frequency > 0.05) from generation 1,001 were randomly chosen for the analysis. The validation criterion was the accuracy of EBV for generations 1,001 to 1,010, calculated as the correlation between true breeding values and EBV. Each simulated data set and its corresponding analysis was replicated 25 times. Four indexes were used to select the parents in the last 9 generations: , , are the genetic SD of the parameters. The smallest GEBV for parameters a and b and the greatest for k were selected, and the smallest value of the index. This selection processes were simulated for the 2 scenarios described before, 1 and 2, with and without pleiotropy, respectively. where G 0 is the locus effect (co)variance matrix between the parameters and I is the identity matrix. Prior distributions for the nuisance parameters, (co)variance matrices, and parameters of fitting errors models were flat with limits to guarantee proper posterior distributions. Fully conditional posterior distributions of all unknowns of the Gompertz model were equivalent to the ones described by Blasco et al. (2003) . Samples of the parameter a were drawn from normal distributions, but the conditional posterior distributions of parameters b and k did not have a closed form and a Metropolis-Hasting with a random walk Genomic selection on growth curve proposal was used for sampling (Hastings, 1970) . The fully conditional posterior distribution of the fitting error variance was proportional to a scaled inverted χ The fully conditional posterior distributions of the (co)variance matrices were proportional to inverted Wishart distributions. A detailed description of fully conditional distributions for hierarchical multistage models is given in Sorensen and Gianola (2002) .
Statistical Analysis
Marginal posterior distributions of all unknowns were estimated using the Gibbs sampling algorithm (Geman and Geman, 1984) , except for b and k. After exploratory analyses, we used a unique chain with a total of 200,000 samples for each analysis, with a burn-in period of 20,000. Convergence was tested separately for all dispersion parameters using the Raftery and Lewis algorithm (Raftery and Lewis, 1992 ) and a visual check of the chain plots. 
RESULTS AND DISCUSSION
Changing the growth curve of an animal is a challenge in meat production because adult BW increases with growth rate and adult maintenance cost consequently increases. Including adult BW in a selection index is not easy because animals are slaughtered before there are enough data to estimate their adult BW accurately. Besides, selection for growth rate keeping adult BW constant may lead to birth problems in some species. Modifying growth curves is a complex problem because the evolution of growth over time is not linear, and it is affected by genetic and environmental effects. Several solutions have been proposed to modify growth curves by selection (Meyer, 1999; Piles et al., 2003; Forni et al., 2007 Forni et al., , 2009 ), but the difficulty of obtaining mature data remained. Genomic selection has been proposed for selecting traits that are particularly difficult or expensive to be measured (Meuwissen, 2007; Muir, 2007) . In these cases multitrait models can be used to improve the prediction accuracy of the trait that is the objective of selection. Multitrait genomic selection can also be used to improve the general economic objective. However, with the exception of a study of genomic selection simulation for 2 traits reported by Calus and Veerkamp (2009) in a dairy cow scenario, only single trait implementations have been published. Figure 2 shows the effect of selection on the growth curve using the criteria in scenario 1 (i.e., when the growth curve parameters are not correlated). Each curve belongs to a different generation. We can see that selection on parameter a (Figure 2a ) changes growth rate along the whole growth curve. Acting on adult BW changes all BW proportionally, as a scale effect. If we represent all these growth curves in Taylor's genetic size scale (Taylor, 1985) , all the curves will be identical. This has also been observed experimentally when selecting for growth rate in rabbits . Growth rate also changes in this case because slaughter weight is obtained before adult BW increases, or later when it decreases. When selection is on parameter b (Figure 2b) , growth rate changes, but now this is due to Figure 3 . Evolution of accuracy with selection on scenario 1 (no genetic correlation between growth curve parameters). 3a) Selection to decrease parameter a. 3b) Selection to increase parameter b. 3c) Selection to increase parameter k. 3d) Selection for decreasing a typified index including the 3 parameters a, b, k. û: average of the genomic breeding values. changes in initial conditions (i.e., birth weight), leading to the same adult BW. When selection is on parameter k (Figure 2c ), the shape of the curve changes, increasing growth rate but conserving initial and final conditions. Selecting for growth rate with the restriction of keeping adult BW constant has been claimed to be a sound strategy to avoid increasing adult maintenance costs (McCarthy and Bakker, 1979) , but this is not the most economically sound objective because it implies giving an infinite economic weight to the change of adult BW; as Gibson and Kennedy (1990) showed, an index with restrictions is equivalent to an index with nonoptimal economic weights. Adult BW has its economic value as other traits; thus, it is more efficient to change it according to its weight and genetic parameters. Applying an index (Figure 2d) , we obtain a change in the whole growth curve, diminishing adult BW and sharpening the shape of the curve. This change is directly related to the index weights; here we propose one of the possible indexes only for illustration.
We needed a training population to estimate SNP effects. Associations between SNP and QTL responsible of the genetic determination of the traits are due to gametic disequilibrium that will modify with time. The accuracy of the prediction of the genetic value will consequently decrease with time as well. In the original paper of Meuwissen et al. (2001) , this was not a serious problem because in their examples the population was not selected. In our case, the accuracy of the prediction of the selected trait is quickly lost (Figure 3) in comparison with the accuracy of the unselected parameters that are uncorrelated with the trait being selected (scenario 1), in agreement with the example given by Meuwissen et al. (2001) . This loss of accuracy means that a training population shall be repeated each 2 or 3 generations, or alternatively, new associations should be estimated continuously to keep the accuracy as high as possible.
In a realistic scenario, all growth curve parameters are correlated (scenario 2). Figure 4 shows the response to selection on the growth curve using the 4 criteria proposed. Here the results are more difficult to interpret because parameters are correlated, but it seems that most of the effects of all selection criteria are directly correlated to changes in adult BW, even when selection is performed only in parameter k, due to the relatively high genetic correlations between parameters. Reducing adult BW and maintaining growth rate, as well as increasing growth rate and keeping adult weight within reasonable limits, seems to be possible. However, selection for multiple objectives is more difficult (Figure 4d) . A second important problem is that the loss of accuracy is now greater for the parameters that are not selected, due to the effect of the correlation between the selection criterion and these parameters. Figure 5 shows that accuracy is rapidly lost for all growth curve parameters, requiring a continuous reevaluation of the associations between SNP and genes responsible for the response to selection. This fact could be a handicap to applying genomic selection for growth, especially in species with a short generation interval, such as rabbits. However, alternative strategies of phenotyped and genotyped individuals could be applied to reduce the cost of increasing continuously individuals in the training population. For example, a possible strategy would be to use the phenotype (mature BW) of the parents that were previously genotyped as selection candidates. Nevertheless, more research is needed to study the optimal strategies to genotyped and phenotyped individuals to be able to do genomic selection cost effectively.
In conclusion, genomic selection can be used for changing growth curve parameters, which will lead to changes in initial and final conditions of growth as well as growth curve shape, corresponding to changes in mature BW, birth weight, and relative growth rate, respectively. It is difficult to act on several objectives as birth weight, mature BW, and growth curve shape at the same time because of the high genetic correlation between all BW along the growth of the animal Taylor, 1985) . The easiest change seems to be the reduction of mature BW, conserving growth rate until slaughter, or to increase growth rate allowing moderate changes in mature BW. However, applying genomic selection will require a constant reevaluation of the associations between SNP and genes determining the curve parameters.
